Abstract Earth observation (EO) data are very useful for the detection of landslides after triggering events, especially if they occur in remote and hardly accessible terrain. To fully exploit the potential of the wide range of existing remote sensing data, innovative and reliable landslide (change) detection methods are needed. Recently, object-based image analysis (OBIA) has been employed for EO-based landslide (change) mapping. The proposed object-based approach has been tested for a sub-area of the Baichi catchment in northern Taiwan. The focus is on the mapping of landslides and debris flows/ sediment transport areas caused by the Typhoons Aere in 2004 and Matsa in 2005. For both events, pre-and post-disaster optical satellite images (SPOT-5 with 2.5 m spatial resolution) were analysed. A Digital Elevation Model (DEM) with 5 m spatial resolution and its derived products, i.e., slope and curvature, were additionally integrated in the analysis to support the semi-automated object-based landslide mapping. Changes were identified by comparing the normalised values of the Normalized Difference Vegetation Index (NDVI) and the Green Normalized Difference Vegetation Index (GNDVI) of segmentation-derived image objects between pre-and postevent images and attributed to landslide classes.
Introduction
Traditionally, pixel-based methods have been used for mapping changes based on high resolution (HR) or very high resolution (VHR) satellite imagery (Chen et al. 2012; Hussain et al. 2013 ). More recently, object-based image analysis (OBIA) has emerged as a new paradigm in the field of remote sensing (Blaschke et al. 2014a ). OBIA has a high potential for accurate landslide delineation and change detection from satellite imagery (Blaschke et al. 2014b) . By clustering individual pixels to differently sized image objects spectral, spatial, contextual and morphological characteristics can be addressed for the semi-automated recognition of landslide features. OBIA has demonstrated to be well applicable for the derivation of meaningful and detailed change information in a systematic and reproducible manner, especially in VHR images (Chen et al. 2012) . The coupled analysis of pre-and post-event images allows for the detection of spectral and/or morphologic changes, which can be attributed to new and/or reactivated landslides (Borghuis et al. 2007; Mondini et al. 2011) . Several studies have shown the applicability of OBIA for landslide mapping using knowledge-based, as well as statistical approaches (e.g., Martha et al. 2010; Lahousse et al. 2011; Stumpf and Kerle 2011; Hölbling et al. 2012; Blaschke et al. 2014b; Kurtz et al. 2014 ). However, only few studies have revealed the potential of OBIA for landslide change detection. Martha et al. (2012) suggested an approach based on brightness changes in pre-and post-event panchromatic images for the creation of historical landslide inventories. A semi-automatic object-oriented change detection approach using VHR optical satellite imagery for landslide rapid mapping was developed by Lu et al. (2011) . Behling et al. (2014) proposed a method which combines pixel-based thresholds and object-based analysis for investigating temporal changes in NDVI-trajectories to identify landslide-related land cover changes based on RapidEye time series complemented by terrain information. Anders et al. (2013) used Light Detection and Ranging (LiDAR) digital terrain models for the analysis of geomorphological changes. Park and Chi (2008) proposed an unsupervised object-based change detection method to locate landslide-prone areas.
Yet many of the current approaches have limitations in situations where both fresh and older landslides are present in the analysed images, hindering the production of accurate event-based landslide inventories (Park and Chi 2008) . Mondini et al. (2011) emphasized the added value of image analysis techniques that can distinguish new from old landslides and that also can map runout locations/debris flows, as this information is useful for disaster reduction and watershed management.
We present a semi-automated OBIA approach to tackle the above issues in landslide change detection based on SPOT-5 images and a Digital Elevation Model (DEM). The first aim was to detect landslides candidates and to classify them into "shallow landslides" and "debris flows/sediment transport areas" by considering spectral and morphological characteristics of segmentation-derived image objects. The second aim was the identification of class-specific changes by comparing the spectral properties of image objects in pre-and post-event images. The proposed OBIA approach for mapping typhoontriggered landslides and landslide changes was tested on a study site in Taiwan, which was affected by two major typhoon events in 2004 and 2005.
Study area
The proposed landslide mapping and change detection approach was tested for a sub-area of the Baichi catchment, which is located in the Shihmen Reservoir watershed in northern Taiwan (Fig. 1) . The island of Taiwan is situated in the tropical and sub-tropical climate zones. During summer and autumn, especially from July to October, Taiwan is regularly affected by severe typhoons. The heavy rainfalls associated with these tropical storms often cause a large number of landslides and debris flows, leading to fatalities and vast damages of infrastructure (e.g., Rau et al. 2014 ). The study site covers an area of approximately 16 km 2 and is characterised by densely vegetated mountainous terrain with steep slopes and highly fractured bedrocks. The catchment represents a typical landscape in Taiwan that is highly susceptible to landslides (see Fig. 2 ).
Typhoon-induced landslides and debris flows in the Baichi catchment
The focus of this study is the semi-automated (change) mapping of landslides and debris flows/sediment transport areas caused by the Typhoons Aere (August 23-26, 2004) and Matsa (August 3-6, 2005) , respectively. After both typhoons an enormous increase in suspended sediment was observed in the downstream area of the Shihmen reservoir, causing severe problems such as the filling of storage reservoirs and logjams due to floating timber (Tsai et al. 2012) .
Visual interpretation of post-event orthophotos revealed that Typhoon Aere caused 703 landslides in the Shihmen Reservoir watershed (Chang et al. 2008) , whereof 421 landslides occurred in the Baichi catchment Chiang and Chang 2009 ). Most of the observed slope failures in the Baichi catchment are shallow landslides that occur on slopes with a soil depth less than 2 m ). Typhoon Aere brought more than 1600 mm and Typhoon Matsa over 1200 mm of accumulated rainfall to the Shihmen Reservoir watershed, whereby Baichi and Yufeng were the heaviest affected catchments (Chen et al. 2010) .
Methods

Datasets and pre-processing
Pre-and post-event SPOT-5 images with three spectral bands (green, red, near infrared) and a spatial resolution of 2.5 m (panchromatic) and 10 m (multispectral) were available for the mapping of landslides and landslide changes. The SPOT-5 images illustrate the status quo before and after the Typhoons Aere and Matsa, respectively. After pansharpening in ERDAS IMAGINE® (Hexagon Geospatial) software with the Modified IHS Resolution Merge method (Siddiqui 2003 ) the images were co-registered to each other. Visual inspection after co-registration revealed that in a few areas shifts of about one pixel to two pixels occurred, which is due to the considerable differences in relief and the difficulty to find adequate control points in this natural landscape. Additionally, a DEM with 5 m spatial resolution and its derived products, i.e., slope and curvature, were integrated in the analysis to support the semi-automated classification of landslides and debris flows/sediment transport areas (see Table 1 ).
Object-based classification based on post-event satellite imagery
The proposed semi-automated object-based approach for the classification of landslides and debris flows/sediment transport areas was developed based on the post-event SPOT-5 image from 2005 and the 5 m DEM including its derivatives.
Image analysis was conducted in eCognition® (Trimble) software, defining a set of knowledge-based classification rules.
Initial segmentation
First, additional layers (Normalized Difference Vegetation Index -NDVI, Green Normalized Difference Vegetation Index -GNDVI, brightness) were calculated. The selection of an appropriate scale parameter for multiresolution segmentation was supported by the Estimation of Scale Parameter 2 (ESP 2) tool, which was implemented as customized algorithm in eCognition software. ESP 2 identifies statistically relevant image object levels for a set of input layers by evaluating the relative changes in local variance for user-defined scale ranges (Drăguţ et al. 2014) . A scale parameter of 32 was considered to be optimal for the combined segmentation of the three SPOT-5 bands, as well as the NDVI and brightness layer.
Extraction of landslide candidates
Landslide failures cause significant vegetation loss resulting in a distinct spectral contrast between landslides and their surroundings, supporting the detection of landslides in optical imagery (Behling et al. 2014) . Such contrasts can especially be observed for event-based landslides occurring in densely vegetated regions such as Taiwan. The absence of vegetation and the presence of bare ground were assumed to be an indication of potential landslide areas. Therefore, low NDVI values of image objects, relative to the information contained in the image, were used to identify landslide-affected areas. The initial NDVI-based extraction of landslide candidates was slightly refined by using brightness in combination with context information. For instance, small shadow areas adjacent to landslide candidates were included in the classification. The extracted candidate areas were further divided into two classes: shallow landslides and debris flows/sediment transport areas.
Landslide classification and class refinement
Due to spectral similarity debris flows/sediment transport areas were mainly differentiated from shallow landslides by using morphological characteristics of image objects. An independent segmentation of plan curvature and slope with a Working with such sub-projects allows independent processing (e.g., segmentation, classification) for the same area. In the end, results can be merged while preserving the initial image object boundaries. First, objects with curvature values < 0 were classified as concave terrain where sediment is most likely accumulated and transported downstream. Next, texture and context information of image objects were used to enhance the extraction of stream channels, particularly to remove several false positive objects fulfilling the curvature threshold. GLCM (Gray Level Co-occurrence Matrix) contrast of the slope layer, which measures the local variations in the GLCM, was applied to remove already classified objects with a GLCM contrast (all dir.) value < 0.15. Directional GLCMs, especially the GLCM contrast between landslide areas and surrounding areas, appear to be very efficient in landslide detection (Blaschke et al. 2014b ). The thresholds were selected based on visual assessment. Finally, small objects which were isolated, and thus, unconnected to channels were removed from the classification. The classified debris flows/sediment transport areas were then merged with the previously classified landslide candidates. Areas where both classes overlapped were further treated as debris flows/sediment transport areas. This procedure allowed classifying debris flows/sediment transport areas by considering spectral characteristics, as well as morphological characteristics derived from a spectrally independent segmentation based on DEM derivatives. It is noteworthy that the class debris flows/sediment transport areas also includes the river beds where the downstream transportation of debris and sediments occurs. The remaining landslide candidates were classified as shallow landslides. Subsequently, the two classes were iteratively refined by using spatial (e.g., area, shape) and contextual parameters (e.g., relative border to neighbouring objects) of image objects to eliminate false positives with spectral properties similar to landslide areas (e.g., cleared bamboo forests, paths, harvested agricultural fields). The boundaries of the classified image objects were finally smoothed with growing and shrinking operations.
Testing the transferability of the classification approach
The described approach (cf. Fig. 3 ) was transferred to the postevent SPOT-5 image from 2004, which showed radiometric differences compared to the image from 2005 (see Table 2 ). More shadows were present, and the vegetation appeared to be darker. Nevertheless, since the usage of absolute spectral thresholds was minimised, the developed OBIA classification approach could be transferred with only minor adaptations to the 2004 post-event image.
The two landslide classifications based on the 2004 and 2005 post-event images served as input for the class-specific landslide change detection as described in the following section.
Object-based change detection
The class-specific object-based change detection was initially accomplished for the Typhoon Matsa event (2005) and then transferred to the images available for the Typhoon Aere (2004). Fig. 3 gives an overview about the developed workflow for landslide classification and landslide change mapping.
Multi-temporal image segmentation
First, a joint multiresolution segmentation on the 2005 preand post-event images, denoted as "image pair", was performed using the three bands of the SPOT-5 images and the NDVI layers, in total eight bands. Such a multi-temporal object change detection approach produces spatially corresponding change objects, since temporally consecutive images are combined and segmented together (Chen et al. 2012) . Again, the selection of an appropriate scale parameter, in this case 31, was supported by the statistical evaluation with the ESP 2 tool. Each object of the segmentation result was then analysed with respect to its transformation between the pre-and post-event image.
NDVI and GNDVI normalisation
New landslides and debris flows/sediment transport areas were recognised by comparing NDVI and GNDVI values of segmentation-derived image objects between the corresponding pre-and post-event images. Vegetation loss was identified by a negative change of the NDVI and the GNDVI. As the radiometric characteristics between the image pairs slightly differed (different appearance of vegetation and shadows mainly because of different acquisition dates during the year; see Table 1 ), the comparison of the absolute NDVI and GNDVI values would have been biased. Therefore, the vegetation indices across the respective pre-and post-event images were normalised by using normalisation factors. The normalisation factors were calculated by dividing the mean value of the pixels of the post-event NDVI and GNDVI, respectively, by the value of the corresponding pre-event index. By multiplying the pre-event NDVI and GNDVI with the corresponding normalisation factor, the indices were calibrated to the radiometric characteristics of the post-event image. Consequently, the comparability of the pre-and post-event indices was increased.
Change detection
For each image object, the difference in the NDVI and GNDVI was calculated by subtracting the post-event value from the normalised pre-event value. For the NDVI, if the change was higher than a defined threshold of 0.5, the objects were classified as affected by change. For the GNDVI, the change threshold was set to 0.4. These thresholds were manually determined after visual assessment and used to prevent the classification of objects, which showed only minor value changes. In each case, a second condition was applied to detect only those objects with a relatively low NDVI or GNDVI value in terms of the relative information contained in the post-event image, i.e., objects with very little or no vegetation. Hence, areas which had been affected by a change in vegetation, but which were still vegetated, could be excluded. Most of the changes were recognized by applying the NDVI; the GNDVI allowed for the detection of several small-scale changes, which were not captured by the NDVI. Finally, the objects affected by change were synchronised, i.e., merged, with the prior established classification of shallow landslides and debris flow/sediment transport areas, and thus, changes were attributed to landslide classes. Small sliver polygons resulting from the synchronisation were removed by applying object growing and shrinking algorithms. The same procedure was applied for detecting the changes caused by Typhoon Aere, whereby no adaptations in the ruleset were necessary.
Results Figure 4 shows the results of the semi-automated object-based classification of shallow landslides and debris flows/sediment transport areas for the post-event SPOT-5 images from 2004 and 2005. For a quantitative assessment of the classification accuracy, both classification results were compared to respective landslide inventories that were produced by local landslide experts through visual interpretation of post-event orthophotos with 0.5 m spatial resolution. It is important to note that the orthophotos were acquired at similar times as the post-event SPOT-5 images; thus, representing the same state of the environment. As the reference data set excluded debris flows or other sediment transport areas, only the accuracy of the detected landslides was assessed (see Table 3 ). In general, the semi-automated classification overestimates the reference; the deviation between the semi-automatically classified landslides and the reference accounts to approximately 20 % for 2004 and about 24 % for 2005.
A qualitative assessment of the classification results was conducted together with Taiwanese landslide experts, who confirmed the validity of the results during recent workshops and personnel discussions. However, this expert assessment revealed that especially the differentiation of landslides and debris flows needs further attention (see Discussion section).
The results of the class-specific change detection (Fig. 5 ) revealed that about 58.5 % of areas affected by landslides and 36.5 % of the debris flows/sediment transport areas detected in the post-event image of 2004 were caused by Typhoon Aere. Approximately 10 % of areas affected by landslides and 5.5 % of the debris flows/sediment transport areas detected in the post-event image of 2005 were caused by Typhoon Matsa.
Discussion
For semi-automated detection and classification of landslide changes, optimal data bases should include cloud and shadowfree pre-and post-event optical images, which are ideally acquired just before and after an event. In addition, accurate pre-and post-event DEM data should complement the data basis. However, in practice, such a data base is rarely available, especially if rapid information delivery after landslide triggering events is required. The proposed approach therefore represents a realistic showcase regarding data availability. It can be assumed that the achieved mapping accuracies are lower than for the "perfect" situation. 
Change detection by means of spectral indices
Changes were identified by comparing the normalised values of the NDVI and the GNDVI of image objects between preand post-event images. The use of such indices can minimise the topographic effects and differences in reflectance when working with multi-temporal images (Singh 1989). Chen et al. (2012) pointed out that the normalisation of band intensities of multi-temporal imagery to a reference scene is sufficient for many change detection applications. Thus, this strategy was followed instead of complicated radiometric correction, which does not necessarily lead to significantly improved change detection accuracy (Song et al. 2001; Chen et al. 2012) . Decision on whether atmospheric and radiometric corrections are performed depends on the information to be extracted and on the analytical methods used to obtain the desired information (Song et al. 2001) and to some degree also on the remote sensing data used (Singh 1989) . The use of image objects reduces the effects of radiometrically and atmospherically not perfectly corrected pixel values. Therefore, the usually critical task of atmospheric and radiometric image correction is assumed not to be as important for object-based change detection as for pixel-based change detection.
Differentiation of landslides and debris flows
Further research is needed to improve the differentiation of landslides and debris flows/sediment transport areas based on remote sensing data. Similar conclusions were drawn by Mondini et al. (2011) . Although debris flows pose a severe Debris flows/ sediment transport areas 34.67 n/a n/a n/a n/a Debris flows/ sediment transport areas 49.01 n/a n/a n/a n/a threat in Taiwan -they often cause more serious damages than landslides -comprehensive mapping efforts or data bases comprising debris flows are still missing. The reason for that may lie in the fact that it is hardly possible to find generally valid properties to describe this type of mass movement. For tackling this problem we developed an object-based method to classify debris flows including additional areas where sediment transport takes place, i.e., river beds. The class differentiation mainly relies on morphological properties; however, this causes other difficulties. The available DEMs are usually outdated and older than the used satellite image. In this study, the DEM was derived from orthophotos taken in 2002 and 2003, which means that the topographic signatures of the numerous landslides that occurred in 2004 and 2005 are not represented by the data. The integration of accurate and high resolution pre-and post-event DEMs, e.g., derived from LiDAR acquisitions, could probably improve the results. Due to data restrictions an up-to-date highresolution DEM was not at hand for this study. The detected landslides in the post-event images from 2004 and 2005 were validated by comparing them to manually derived landslide maps. Such data sets are often the only reference available, but cannot constitute a completely true reference (Hölbling et al. 2012) as their generation depends on the skills of the interpreter, the underlying data, on the mapping scale, and on the purpose of the manual mapping. This fact has to be considered when interpreting the accuracy values. For future studies it will be necessary to get reliable reference data for debris flows, as well as to conduct a comprehensive validation of the results. However, this is difficult to achieve, since a common understanding among Taiwanese landslide experts on how debris flows in Taiwan can be conceptually and operationally distinguished from landslides is still missing. This was emphatically confirmed by Taiwanese experts during personnel semistructured interviews and during several field trips with Taiwanese colleagues in the past years. In the frame of a dedicated workshop on digital landslide mapping in spring 2014 we asked Taiwanese experts to manually delineate and differentiate landslides and debris flows on hard copies of the SPOT-5 images used in this study. The results were highly heterogeneous and revealed the ambiguity in differentiating landslides and debris flows. Figure 6 shows selected examples of the manual delineation on the post-event SPOT-5 image from 2005.
To further improve the objectivity, transferability and robustness of the method the common knowledge of a number of experts should be transformed into computer-based rules and integrated in the analysis. Such a knowledge-based landslide mapping system was recently proposed by Eisank et al. (2014) . Moreover, future work should encompass the application of the proposed approach in other and larger study areas with different geo-environmental conditions as well as using satellite imagery from other sensors to further assess, evaluate and improve its transferability.
Conclusions
In this study we proposed an object-based approach for landslide and debris flow classification and landslide change mapping in northern Taiwan. Landslides and debris flows/sediment transport areas triggered by two major typhoons, Aere and Matsa, were mainly differentiated based on morphological properties. The changes were identified by comparing feature values of segmentation-derived image objects between pre-and post-event SPOT-5 images. Instead of using absolute spectral characteristics, changes were mainly recognised based on the relative difference of normalised NDVI and GNDVI.
Semi-automated object-based change detection approaches can, for example, be used for the regular update of landslide inventory maps after major events or may be useful as initial input for manual mapping. Such a hybrid mapping workflow, i.e., indicating affected areas by applying a semi-automated analysis first and then using this initial result for manual refinement, might reduce the operating time and costs as compared to mere manual mapping efforts. Furthermore, areas potentially susceptible to landslides may be identified by retrospective analyses of past landslide events. Results might be of interest for local stakeholders and decision makers, as information on the location and spatial distribution of both new and reactivated landslides can be beneficial for future landslide risk assessment.
